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Introduction
Compared to other imaging techniques, ultrasonography is inexpensive, noninvasive and more accessible. Therefore it has become a widely used diagnostic method in various medical disciplines, such as echocardiography, breast ultrasound, intravascular ultrasound (IVUS), etc.
The common carotid artery (CCA) is a pair of arteries carrying oxygenated blood to the head when human heart systoles. The measurement of variation in arterial diameter of CCA may yield useful clinical information, such as the mechanical properties of the arterial wall which in turn may indicate a sign of atherosclerosis, hypertension or heart failure [1] . So it is of important clinical value to draw the contour of CCA accurately. However, manual contouring of CCA in ultrasonography is an arduous task and can be rather time consuming. And it should be noted that due to the inherent problem of low resolution and the presence of speckle, ultrasound imaging is among the most difficult modalities for automated image processing. Many researchers have tried to develop semi-automatic or fully automatic segmentation methods to meet this challenge. In [2] , David C. Wang et al. tried to locate the CCA and the internal jugular vein (IJV) by fitting ellipse to all the regions that look like major arteries or veins in B-mode ultrasound image. They claimed that their method has achieved 100% accuracy in a group of 38 healthy subjects. Xin Yang et al. [3] proposed to using Active Shape Model (ASM) to segment both media-adventitia-boundary (MAB) and lumen-intima-boundary (LIB) on transverse view slices from 3D ultrasound images. They used 340 two-dimensional CCA baseline contours in ASM offline training phase and another 340 two-dimensional CCA images in ASM online But it suffers from the fact that it needs a lot of time for training the model and it is very sensitive to the initial position. Ukwatta et al. [4] used a sparse field level set method to segment the MAB and the LIB from 3D ultrasound images. After four anchor points on the boundary were chosen by the operator, the proposed algorithm located the MAB using five energies (length minimization, local smooth energy etc.) to attract the boundary to the anchor points. Then a constraint regulating the separation between the MAB and LIB, cooperating with anchor pointbased energy and local energy, was used to segmenting the LIB. Other studies by application of fuzzy region growing method [5] , discrete dynamic model approach [6] , and modified spatial Kalman filter [7] , were also reported.
Traditional edge-based segmentation methods depend on the gradient of an image to locate the contour. But ultrasound image suffers from weak edges and speckle, so edge-based methods' performance isn't satisfactory on outlining ultrasound images. For the same reason, region-growing and morphological watershed transformation based methods perform poorly too when they were applied to sonography.
In this work, we proposed to use local region-based active contours introduced by [8] to extract the lumen-intima-boundary (LIB) from Ultrasound images. The localized active contour method using local image statistics, rather than global image statistics, to evolve the contour, which is capable of segmenting object with heterogeneous feature profiles that would be hard to extract using a traditional global method. The proposed method can be roughly divided into two steps. The first step is to adaptively generate the initial contour of LIB. The second is to apply the local region-based active contour method to the initial contour and evolve it to get the final contour.
The rest of this paper is organized as follows. We begin in section 2 by describing the proposed method in detail. Then section 3 presents the experiment result and discussion. Finally, we conclude our work in section 4.
Research Method 2.1. Data Acquisition
An ultrasound image database included 130 ultrasound images of three healthy volunteers aged 27 to 40 years. The common carotid arteries of the right sides of their necks, 2-3 cm proximal to the bifurcation, were captured by an expert. All digital ultrasound images were obtained using Saset iMago C21 system (SASET Healthcare, San Francisco, CA) with a 10 MHz linear transducer. The capturing resolution of the images was 0.07×0.07 mm 2 . Except for a few cases, the sonographic setting remained the same during the whole course of data acquisition.
Outline of the Proposed Method
An outline of the proposed CCA segmentation algorithm is described in Figure 1 , where the major components and data flow is illustrated. The algorithm includes the following computational steps: image preprocessing, automated region of interest (ROI) identification, adaptive initial contouring, and localized region-based active contour segmentation. These computational steps are detailed in the remainder of section 2.
Preprocessing
Since speckle often degrades the quality of the ultrasound image and makes segmentation difficult, it is better to do some image preprocessing to attenuate the speckle noise before segmentation. It is desirable to decrease speckle and preserve valuable information, such as boundary of the CCA. In this work, the vector median filtering (VMF) [9] has been used. The VMF is a nonlinear filtering strategy which is good at removing impulse and multiplicative noise, making it very useful for despeckling of ultrasound data. For a pixel centered at its n×n neighborhood, the VMF replaces its intensity value with that of the pixel that has the minimum summation of Euclidean distance regarding to all other pixels in the neighborhood. In this work, a 3×3 neighborhood is employed. 
Active Initial Contouring
After the image preprocessing, a depth-adaptive thresholding method was conducted to transform the gray-scale image into a binary image to locate the center of the CCA. After considering the characteristics of the intensity of blood: (a)it maybe different as different depths; (b)it is always the lower as compared to that of the non-blood pixels, we experimentally choose 20th percentile intensity of all pixels at the same depth as the blood threshold for that particular depth. Figure 2. (a) shows an example of the resulting binarized image with the blood area labeled as white and non-blood area as black.
Then the connected component areas in the binary image are labeled and the horizontal diameter (hd) and vertical diameter (vd) of each connected component area are calculated. After applying the knowledge that the CCA is always of circular appearance and the average diameter for adult males and females is 6.52 mm and 5.11 mm respectively [10] , we claim that the connected component area whose hd is between 4mm and 10mm, vd is between 4mm and 10mm, and abs(hd -vd) <= 1mm is the CCA we persued. The initial contour is defined as a rectangle centered at the center point of the CCA. Its diameter is the minimum of hd and vd. The corresponding center point of the CCA and the initial contour in Figure 2 
Localizing Region-based Level Set Contouring
Localizing region-based level set method is a numerical technique for calculating and analyzing the curve propagation, which is introduced by Shawn Lankton and Allen Tennebaum in [8] . It evolves a contour based on local statistics and region information, as compared to the Figure 3 . The ball (red) represents the local region for each pixel along the contour, is split by the contour (green) into local interior and exterior regions; and the contour evolution is determined by the local statistics information of local interior and local exterior. The authors have introduced local region-based framework and three specific energies: the uniform modeling energy, the means separation energy, and the histogram separation energy. As for our case, we chose the means separation energy. The local region-based flow is defined as: 
Contour Evaluation Metric
The quality of our segmentation method was validated using two measures: 1) Dice Metric (DM) and 2) Hausdorff Distance (HD) [11] . DM evaluates the similarity between two areas. It is defined as 2*( 1 2) *100 1 2
So we know that the more similar two areas are, the higher value DM becomes, and vice verse. And a perfect match would yield a value of 100%. The HD aims to evaluate the distance between two contours. If two contours are represented by a set of points A = {a 1 
Results and Discussion
This section presents the evaluation of segmentation result to analyze the validation of the proposed method. This work experimented on a total of 130 ultrasound images, and then compared the segmentation results with the expert-drawn contours. In this dataset, it yielded a DM of 91.1% ± 4.2% for the LIB and a HD of 0.59 ± 0.35 mm. Figure 5 illustrates an example of segmentation result. Figure 5 Localizing region-based level set utilize the statistical information inside and outside the contour to control the evolution, which are less sensitive to noise and are suitable for segmenting images with weak edges, such as the ultrasound images. But it also should be noted that it is sensitive to initialization, just as pointed out by the authors in [8] . Fortunetely, we have developed an adaptive initial contouring method for it and the experiment results showed that they worked together pretty well in this work.
Our algorithm was implemented in was set according to the images. Since Matlab is an interpreted language, the average running time for segmenting a 512×498 image is about 3.5 seconds
Conclusion
This study presented an efficient method for automatically identifying the contour of LIB in a 2d cross section ultrasound image. First, VMF filter is used to reduce the speckle. Then a knowledge based adaptive contouring method was utilized to generate the initial contour. Last, the localizing region-based level set segmentation automatically produced an exact contour of the LIB. An image database with 130 cases was employed for evaluation in this work. Preliminary results showed that the method described here is able to locate the LIB contours that are very similar to expert-drawn contours and can be used as an alternative to manual contouring of the LIB from ultrasound images.
Future work would be focused on (a) optimizes the proposed method and improves the computing speed; (b) collects more unhealthy objects, such as those suffered from atherosclerosis plaque, and test our method on them.
